We investigate the co-occurrence of domain families in eukaryotic proteins, in order to predict protein cellular localisation. Approximately half (300) of SMART domains form a 'small-world network', linked by no more than seven degrees of separation. Projection of the domains onto two-dimensional space reveals three clusters that correspond to cellular compartments containing secreted, cytoplasmic and nuclear proteins. The projection method takes into account the existence of 'bridging' domains, that is, instances where two domains might not occur with each other but frequently co-occur with a third domain; in such circumstances the domains are neighbours in the projection. While the majority of domains are specific to a compartment ('locale'), and hence may be used to localise any protein that contains such a domain, a small subset of domains either are present in multiple locales or occur in transmembrane proteins. Comparison with previously annotated proteins shows that SMART domain data used with this approach can predict, with 92% accuracy, the localisations of 23% of eukaryotic proteins. The coverage and accuracy will increase with improvements in domain database coverage. This method is complementary to approaches that use amino-acid composition or identify sorting sequences; these methods may be combined to further enhance prediction accuracy.
Introduction
A corollary to the sequencing of a genome is the determination of the functions of its proteins. It is not yet feasible to characterise each protein directly by experiment, so instead we perform large-scale in silico analyses, using methods that assign attributes on the basis of sequence similarity and homology. These approaches implicitly assume that protein function evolves slowly relative to protein sequence, but nevertheless are a useful first prediction of function, which can be tested by experiment.
A key functional attribute of a protein is its subcellular localisation. Methods such as GFP tagging (Sawin and Nurse 1996) and gene trap screens (Sutherland et al. 2001) are beginning to provide experimental details of localisation for relatively large sets of proteins. However, there remains a need for fast, accurate, cheap and complementary approaches that provide localisation predictions for any organism. Three classes of methods are prevalent currently:
(a) Sorting signals. These are short sequence segments that localise proteins to intraor extra-cellular environments. These include (Nakai 2000) signal peptides, membrane-spanning segments, lipid anchors, nuclear import signals, and motifs that direct proteins to organelles such as mitochondria, peroxisomes, lysosomes, chloroplasts, the Golgi apparatus, and the endoplasmic reticulum. Current methods (Drawid and Gerstein 2000; Nakai and Horton 1999) , that predict subcellular localisation from sorting signal data are not infallible. They rarely achieve true positive rates over 80% while simultaneously making less than 10% false positive or negative predictions (Menne et al. 2000; Moller et al. 2001) . Furthermore, protein sequences predicted from draft genomes are often incomplete, lacking N-terminal regions that contain signal peptides (Lander et al. 2001; Venter et al. 2001) and in forthcoming years these sequences will represent a significant proportion of the eukaryotic protein databank. Consequently we need complementary prediction methods that are independent of the presence of complete sequences and a bona fide N-terminal sequence.
(b) Amino acid composition. Neural networks (Reinhardt and Hubbard 1998) and support-vector machines (Hua and Sun 2001) have been used to classify proteins into subcellular locales using amino acid composition. On a test set, a prediction accuracy of just under 80% for eukaryotic proteins has been reported (Hua and Sun 2001) . This approach is promising and has the advantage of very high coverage, but the test set excluded all multi-locale and plant proteins. Consequently the prediction accuracy may be lower when applied more generally. It is important to predict which proteins might shuttle between locales or are transmembrane proteins.
(c) Genomic context methods. A protein's localisation to an organelle correlates with the distribution of phyla possessing its homologues (Marcotte et al. 2000) ; such correlations may be used for localisation predictions. In this work we develop another context method that is based on domain co-occurrences in proteins. We exploit a 'rule-of-thumb' used by molecular biologists for many years: namely those proteins containing particular domains often share the same cellular localisation ('locale'). For example, disulphide-rich structures, such as epidermal growth-factor-like or kringle domains, are found mostly in secreted proteins since disulphide bridges are rarely formed under reducing intracellular conditions, while ATPases and DNA-binding domains are found in intracellular compartments. In this study we codify the 'rule-ofthumb' into a probabilistic method that predicts proteins' locales.
Here we define a domain family as a set of compact, structurally similar and homologous protein segments, and depending on the context, 'domain' refers to either a domain family or an instance of a domain in a particular protein. The detection and classification of domains is straightforward (Ponting and Birney 2000) , and it is now possible to annotate single proteins, complete proteomes (for example, (Lander et al. 2001) , (Venter et al. 2001) ), and entire sequence databases using collections of domain families such as Pfam and SMART .
We consider three locales: secreted (representing extracellular and proteins in many organelles, and the extracellular portions of most transmembrane proteins), cytoplasmic, and nuclear. We use data from 300 SMART domains that frequently cooccur in proteins , to estimate the probabilities that domains are secreted, cytoplasmic, nuclear or multi-locale. We then predict the probable locales of proteins that contain these domains.
Materials and Methods

Domain co-occurrence measures
We first cluster domain families represented in the SMART database by their cooccurrences in eukaryotic proteins, and then investigate how the clusters correlate with locale. Here, domain co-occurrence is measured by the probability Pr(A|B) that a protein contains domains of type A given that it contains others of type B. This probability is estimated as the number of known proteins containing A and B divided by the number containing B. A symmetric pairwise dissimilarity for domains A, B is then defined as
Thus D(A,B) is 1 if the domains never co-occur, 0 if they always occur together, and lies between otherwise. We investigated using several alternatives to this definition, namely 1 -max( Pr(A|B), Pr(B|A) ), 1 -( Pr(A|B)+ Pr(B|A)/2, -log( (Pr(A|B) + Pr(B|A) )/2 ). Although they produce broadly similar domain projections, we found these measures give markedly inferior predictions of protein locale.
D(A,B)
has the drawback that it is a short-range measure: any pair of domains that never co-occur will have dissimilarity of 1, regardless of whether or not the domains are present in proteins that have the same locales. Furthermore D(A,B) is not a metric -it does not obey the triangle inequality, and therefore is hard to visualize by projection into a Euclidean space. However, we can create a metric d(A,B) from this dissimilarity to infer relationships between domains for which D(A,B)=1, but which still preserves the short range structure.
We treat the domain families as nodes in a weighted undirected graph in which there is an edge between A, B if and only if D(A,B) < t, where t is a threshold value, set at 0.98. Next we identify all connected components in the graph. In our dataset 300 domains form a single connected component, the remainder in isolated small components, which are ignored for the remainder of the analysis. Within each component we find the shortest path between every pair of nodes, i.e. a sequence s of adjacent nodes [A, x 1 ...
By construction, d (A,B) is a metric, as it is the length of a shortest path between A and B. By using either Floyd's (Floyd 1962 ) or Dijkstra's (Dijkstra 1959) algorithms it is possible to compute d for all pairs of nodes in a graph of n nodes efficiently.
Domain projection
We project the domains onto a two-dimensional Euclidean space (Figure 1 ) using metric scaling (Torgeson 1958) applied to d, creating a 'domain projection'. To determine whether domains that are found in the same locale are clustered we coloured the domain projection according to known SMART locales. The idea of shortest-path reconstruction followed by projection has been used previously in different contexts (Newell et al. 1995) , (Tenenbaum et al. 2000) .
Assignment of domain family locale probabilities
We use kernel density estimation to attach locale probabilities to the domains. Throughout this section we use the two-dimensional projected Euclidean distance between domains, which we denote by d 2 (A,B) . Let N L1 ,N L2 , ... N Ln be the list of domains with a particular SMART locale L. We then define the probability that the (possibly unlocalised) domain A is from locale L as
i.e. Pr(A|L) is the sum of n Normal distributions, each with variance σ 2 , centred on a domain in locale L, and compute the probability that A was sampled from the resulting mixture distribution. A is excluded from the sums to avoid self-effects. The standard deviation σ controls the degree of smoothing. After some experimentation, we found σ 2 = 0.025 was a good choice.
Assignment of multidomain protein locale probabilities
The probability that a protein Q, containing distinct domains A Q1 , A Q2 , ... A Qn , is in one of the three locales L is defined as
Here µ(L) is Π i Pr(A Qi |L),the product of the locale domain-based probabilities Pr(A Qi |L), taken over the number i = 1, 2, …, n of different domains. The index L' varies over the three locales. By considering domains repeated in a protein only once rather than by their multiplicity we avoid an over-weighting by single domain types. We also investigated an alternative assignment method,
i.e. the domain with maximum probability of locale L is taken as the evidence for the protein residing in L.
Benchmarking domain-and protein-based locale probabilities
Domains were classified as secreted, cytoplasmic or nuclear, based on their SMART annotations derived from detailed literature searches. Locale assignments were based on experimental data for the majority of domains; exceptional cases, such as the PDZ domain in the secreted molecule interleukin-16 and the SH3 domain in the extracellular melanoma derived growth regulatory protein, were ignored. Domains that occur in multiple locales were labelled 'other'.
Domain projection was benchmarked against the Meta_A(nnotator) prediction of subcellular localisation derived from the annotation of SwissProt , (Eisenhaber and Bork 1998; Eisenhaber and Bork 1999) ). Meta_A is a lexical analyser that uses keywords to infer locale. Results were also compared with locale assignments of signal peptide, (von Heijne 1987) and transmembrane (TM) (Hoffmann and Stoffel 1993) prediction algorithms, and with the Gene Ontology (GO) consortium (Ashburner et al. 2000) , as applied to SMART via their mapping to InterPro .
Results
SMART Domain family locale probabilities
Of 523 SMART domains, we chose a subset of 329 genetically mobile domains that co-occur with at least two distinct domains in eukaryotic proteins. Evolutionarily-related domain families, such as serine/threonine-and tyrosine-specific protein kinases, or the different types of epidermal growth-factorlike domains, were merged into single domains. Approximately half of these domains co-occur with over ten other domains, and only 10% co-occur with only two or three other domains.
We analysed the domains' patterns of co-occurrence in 57909 eukaryotic proteins from SP-TrEMBL that contain at least one of the 329 domains. We set out to visualise the propensities of domains to be found together in proteins. A 'domain projection' method was devised, based on a pairwise distance measure for the co-occurrence of domain pairs (A, B). We took account of 'bridging' domains, where for instance domains A and B are rarely or never found together yet each occur together with another domain, C. 300 of the domains formed a single connected component; the remaining 29 domains were not considered further. The data were then projected onto two dimensions (Figure 1 ).
Manual classification based on literature surveys of the 300 SMART domain families in Figure 1 indicate 121 cytoplasmic, 76 nuclear, 70 secreted and 33 other domains. The latter 'indiscriminate' group contain repeats such as ankyrin, cystathionine β-synthase, leucine-rich, tetratricopeptide, and WD40, or domains such as fibronectin type III, immunoglobulin, IPT, transglutaminase-like, and von Willebrand factor A that are prevalent in multiple locales, as well as RNA-binding domains (e.g. doublestranded RNA-binding motif, K homology, RNA-recognition motif, S1 and S4) that are localised to both cytoplasmic and nuclear structures.
By colouring the domains in the Figure 1 according to their SMART locale, it is apparent that domains of known locale are distinguishable. There are three overlapping clusters corresponding closely to the nuclear, secreted and cytoplasmic locales. There is almost no overlap between secreted and either cytoplasmic or nuclear locales, but there is some intersection between nuclear and cytoplasmic domains. Since the domain projection did not use information concerning the domains' locales, the Figure 1 provides strong evidence that a protein's locale is predictable from its domain composition.
We identified two substructures within the Figure 1 . Among the nuclear domains, those regulating chromatin structure (Jenuwein 2001) are clustered, perhaps because these domains have highly specific nuclear functions. There is also a more diffuse cluster of domains that regulate the functions of Ras-like small GTPases among the cytoplasmic domains.
Benchmarking
Three-state locale probabilities were assigned to the 300 domains. We divided the domains into two broad categories, depending on their specificity. We found 232 (77%) had a probability of over 0.9 of residing in a single locale, while 29 (10%) were strongly multi-locale, having probabilities greater than 0.33 in two locales (Table 1) . Two domains, WSN and FN3, were predicted to be in both cytoplasmic and secreted proteins, whereas the remaining 27 were predicted in cytoplasmic and nuclear proteins. This suggests that evolutionary constraints on protein structure and function are more similar between cytoplasmic and nuclear environments, than they are between extracellular and intracellular environments. It also reflects an extensive trafficking of molecules between the cytoplasm and the nucleus (Gorlich and Mattaj 1996) .
There were 35 (12%) domains whose most probable predicted locales conflicted with their SMART annotations ( Table 2) . Six of these domains were also strongly multilocale (Table 1) , with a second-best locale that coincided with the SMART annotation. Twelve of these domains (4.1m, ARM, BPI2, Calx_beta, HTH_CRP, Ku78, MATH, MBT, MIR, SAND, TIR, TSPc) were predicted as single locale with probability > 0.9.
Examination of the proteins containing these 35 domains showed that 18 cases are due to 'indiscriminate' domains that occur in two or more locales, rather than one, while a nineteenth domain (SFM) was correctly predicted by the projection method as cytoplasmic, but erroneously listed in SMART as nuclear. The method therefore predicts the locale of 284 of 300 domain families (95%) correctly. In order to evaluate how well the automated process works, these domains were not reassigned to their correct locales for the remainder of the analysis. Consequently a number of avoidably incorrect predictions occurred.
Of the remaining 16 domains that were incorrectly predicted:
(a) Nine were due to their frequent co-occurrence with 'indiscriminate' domains. This was, in effect, 'guilt by association'. For example, the indiscriminate (cytoplasmic and nuclear) PAS, REC (CheY-like) and HATPase_c (histidine kinaselike) domains are found with HLH, HTH_LUXR and TOP2c domains in, for instance, mammalian single-minded (O70284), algal transcriptional regulator YCF29 (P51343) and eukaryotic topoisomerase type II (O55078) sequences, respectively. Thus HLH, HTH_LUXR and TOP2c domains were assigned as cytoplasmic when, from their well-established interactions with nuclear DNA, they are clearly situated in the nucleus.
(b) Four were due to their presence in multidomain proteins that span the plasma membrane. For example, 4.1m is a cytoplasmic motif that occurs in, among others, neurexins. Here they are the only intracellular portions of transmembrane proteins containing other domains (for example, LamG and EGF) that are only found in extracellular environments.
(c) One, BPI2, is likely to have arisen due to errors in sequence that give rise to aberrant fusions. BPI2 contrasts with domains such as KU, which is correctly predicted as secreted even though it is wrongly fused with a HOX domain in C. elegans C02F12.5 (Q11101) (Eisenhaber and Bork 1999) , and FAF/UAS (cytoplasmic), another example of an aberrant fusion (SpTrEMBL code Q23467). The reason for these successes, when the assignment of BPI2 fails, is that for KU and FAF/UAS there is a significant contribution from other, accurate, domain cooccurrence information.
(d) The prediction of AT_hook was inaccurate due to its close proximity in the projection plot to an indiscriminate domain, whereas the prediction for the SAND domain was wrong due to a false positive prediction by SMART (see Table 2 legend).
Protein locale probabilities
Domain locale probabilities were used (Equation 2) to predict the cellular locales of 53821 eukaryotic protein sequences from the SpTrEMBL database that contain at least one of the 300 domains. For 31605 proteins (58%) the most likely locale had a probability of over 0.9, and the protein was assigned a single locale. The remainder were assigned their two most probable locales (Figure 2 ). The likely reason why protein locale predictions tend to be less definite than domain locale probabilities is that many multi-domain proteins contain indiscriminate, and hence uninformative, domains that dilute locale specificity.
Only 50 proteins (0.1%) were assigned to the nuclear and secreted category ( Figure  2) , consistent with the expectation that no protein possesses both nuclear and secreted functions. Furthermore, only nine of the 50 had a large (p>0.15) secreted locale probability. These represented a small number of false positive predictions where disulphide-rich (secreted) domains and cysteine-rich (nuclear) zinc fingers were predicted by SMART to overlap.
The accuracy of the protein locale predictions was assessed by comparison with the annotation-based locale assignments of Meta-A (Eisenhaber and Bork 1998; Eisenhaber and Bork 1999) . Meta-A predicts subcellular localisation only for SwissProt sequences (a subset of the SpTrEMBL database) so we were only able to compare domain projection and Meta-A annotations for 2965 proteins annotated by both methods. In those cases where either method predicted more than one locale for a protein, an agreement was recorded if at least one locale was in common. We identified 262 proteins (8.9%) with conflicting predictions. In 1839 cases (62%) the most probable prediction was consistent. Detailed consideration of the 262 conflicting cases showed that, in 23 instances either the SwissProt or the Meta-A annotation contradicted the literature evidence, and for a further 6 proteins there was evidence for multiple locales (Table 2) . Consequently, protein locales are predicted with 92% apparent accuracy, which agrees well with the 95% prediction accuracy for domain locales. The domains implicated in the conflicts with Meta-A, together with example sequences, are listed in Table 3 .
A comparative breakdown of the two methods' locale assignments for the 2965 proteins is given in As a further check on the accuracy of the method, we performed a cross-validation exercise, in which each of the 2965 proteins was excluded in turn from the data set, and the complete analysis repeated (ie domain projection and locale assignment of the excluded protein). The results were almost identical to the original analysis; in particular the number of errors was unchanged.
We also compared our predictions with those obtained from signal peptide and transmembrane helix searches and GO annotations (Ashburner et al. 2000) . There was moderate agreement (approximately 80%) with the signal peptide/TM predictions but poor agreement (approximately 50%) with GO annotations. However, signal peptide/TM predictions are relatively inaccurate (Menne et al. 2000; Moller et al. 2001) and there are substantial locale ambiguities in the GO annotations of domains. For example, the term 'membrane' is the sole GO assignment for many different nuclear, cytoplasmic and secreted domains (see http://golgi.ebi.ac.uk/ego/QuickGO?mode=display&entry=GO:0016020).
The 'maximum' method (Equation 2*) for assigning proteins to locales also worked quite well, although the assignment probabilities were more diffuse : the percentage of proteins assigned to a unique locale dropped from 58.7% to to 51.4% but the number of incorrect predictions also fell from 8.9% to 6.7%. However, since this improvement was made at a considerable loss in specificity, and because the number of proteins assigned as nuclear,secreted doubled, we prefer to use the product method (Equation 2).
The complete analysis of 57909 sequences and 329 domains (ie creation of dissimilarity matrix from a file of the domain composition of each protein, followed by principle coordinates projection and assignment of domains and proteins to their locales) took 35 CPU seconds on a Pentium III workstation running Debian Linux.
Discussion
We have demonstrated that most mobile eukaryotic protein domains can be clustered on the basis of their domain co-occurrences, which may be projected into twodimensional space in such a way that the subcellular localisation of the domains is preserved. In general, domains only co-occur if they have the same locale, and approximately three-quarters of protein domains have a unique locale. The remainder are either indiscriminate domains, or occur in transmembrane proteins, or are artefacts caused by sequence or prediction errors. One of the method's strengths is that it is probabilistic and models multi-locale domains and proteins with ease.
It is worth remarking that, rather than lying in many small, disconnected groups, over half of the SMART domains form one highly connected cluster. These domains form a small-world network, in which no pair of domains suffers more than seven degrees of separation, and the majority not more than two. This observation supports the view that a large fraction of domains are re-used in many different contexts, but in a manner that tends to preserve subcellular localisation.
In terms of domain reuse, our results show the secreted and nuclear locales are almost entirely distinct (no domain has probabilities > 0.25 in both locales), consistent with the hypothesis that few proteins perform functions in both locales. Secreted and cytoplasmic domains are well separated, even though many of these domains are found together in transmembrane proteins that span both locales. The distinction between cytoplasmic and nuclear domains is not so clear-cut, most likely because of the greater degree of molecular trafficking between the cytoplasm and nucleus, than between the cytoplasm and extracellular compartments. The method is not able to predict protein localisation down to subcellular structures, including organelles, except for chromatin-related domains.
Domain projection predicted the localisation of 53821 eukaryotic proteins to an accuracy of at least 92%, in a comparison with the Meta-A textual analysis algorithm. Coverage is limited mainly by the proportion of eukaryotic protein sequences (23%) containing at least one domain from the set of 300 SMART domain families. The method is likely to be of particular use in predicting the localisation of proteins whose gene sequences are only known partially through expressed sequence tags or incomplete gene prediction. The majority of locales wrongly predicted by us arise from indiscriminate domains (i.e. those found in multiple locales) or else from domains that often co-occur with indiscriminate domains.
In a few cases cellular localisation was predicted incorrectly because of gene fusion sequence errors (Table 1) . However, it is worth noting that not all aberrant fusions cause inaccuracies in locale assignment. For example, SpTREMBL entry Q9UNH1 represents an aberrant fusion in a mucosa-associated lymphoid tissue lymphoma (Dierlamm et al. 1999) . This aberrant sequence is predicted to contain both BIR (nuclear) domains and IG-like C2-type (secreted) domains. This example demonstrates how the influence of other proteins with manifold domain combinations can compensate for a small numbers of erroneous sequences.
Coverage could be extended significantly, for those proteins containing domains not linked to the set of 300 domains used here in those cases where these isolated domains have a well-defined locale. Prediction accuracy is expected to improve as the number of domains in SMART and other domain databases increases. This is particularly the case for those proteins which at present are only known to contain indiscriminate domains such as HOX, where we cannot distinguish reliably between the nuclear and cytoplasmic locales. Accuracy would also improve if the secreted and intracellular portions of transmembrane proteins were treated as independent sequences. However, this approach was not pursued since, as mentioned previously, it would have been hampered by the relatively low accuracy of transmembrane segment prediction. The domain projection approach is more accurate than, but complementary to, methods based on predicting signal peptides and transmembrane helices, and to predictors based on amino-acid composition. Thus, in principle the locale probabilities of all of these methods could be combined to produce further improvements in prediction accuracies.
Data relating to this work may be found at http://www.well.ox.ac.uk/~rmott/DOMAINS; the localisation prediction method will be implemented shortly in SMART (http://smart.embl-heidelberg.de).
Figure Legends
Figure 1 Domain projection of 300 SMART domains, colored according to their SMART subcellular locales. The axes are the first two principal coordinates in the metric scaling projection. Open circles identify chromatin-related nuclear domains and domains that regulate Ras-like small GTPase functions. The 'others' are domains classified in SMART as indiscriminate or multilocale. The labels refer to the misclassified domains in Table 2 .
Figure 2
Pie chart of protein (multi)locale assignments for the 57909 SPTREMBL proteins used in the domain projection, showing the distribution of locale assignments. A protein was assigned to a single locale if it had a locale probability greater than 0.9. The number of secreted/nuclear proteins is 50 (0.1%).
Table Legends
Table I Domains predicted to be strongly multilocale, with a probability greater than 0.33 in two compartments. P c , P n , P s are the probabilities each domain is respectively cytoplasmic, nuclear or secreted.
Table 2
Domains whose predicted locales differ from their SMART annotations. E.g. cytoplamic->nuclear means domains listed as cytoplasmic in SMART but predicted to be nuclear. Prob is the predicted locale probability of the domain. * Domain predicted as strongly multilocale.
a TM: Domain occurs in transmembrane proteins. I: Indiscriminate domain for which there is literature evidence that the domain occurs in proteins found in more than one locale. CI: Domain is companion of an indiscriminate domain (listed). (i) AT_hook was wrongly predicted as cytoplasmic due to its close proximity in the domain projection plot to UBOX, an indiscriminate domain. (ii) SFM was wrongly designated as a nuclear domain in SMART. (iii) SAND was wrongly predicted as secreted due to an error in the domain architecture prediction by SMART of sequence Q9JLW9. (iv) BPI2 was predicted as nuclear rather than secreted as a result of a likely aberrant fusion with a PHD-containing sequence Q9LTR5.
Table 3
Domains occurring in proteins whose locale predictions by domain projection and Meta-A differed.
a Meta-A wrongly predicts a nuclear localisation for ArfGap zinc finger domains on the basis that all zinc fingers bind DNA.
b Meta-A predicts a nuclear localisation for centrosomal proteins. However, the centrosome is a nucleusassociated structure, rather than being a region of the nucleus.
c The signal peptide predicted in SwissProt for YWO2_CAEEL is unlikely as it is not predicted using other methods.
d Predicted as secreted by Meta-A on the basis that it was originally described as a cell wall structural protein. The six proteins mentioned in the text that have multiple locales and were predicted to have different locales by the domain projection and Meta-A methods are: SCD1_SCHPO, YB54_XENLA, YB56_XENLA, NUMB_DROME, RANG_YEAST and SNF4_YEAST.
Table 4
Comparison of domain projection and Meta-A classifications of 2965 proteins that could be predicted by both methods. n,c,s are abbreviations for nuclear, cytoplasmic, secreted. E.g. 'n,c' means proteins predicted to be either nuclear or cytoplasmic by domain projection, but with a higher probability for the nuclear locale. 'n+c' means predicted as either nuclear or cytoplasmic by meta-A, with no preference. 
